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Abstract: Human-caused wildfires are often regarded as unpredictable, but usually occur in
patterns aggregated over space and time. We analysed the spatio-temporal configuration of
7790 anthropogenic wildfires (2007–2013) in nine study areas distributed throughout Peninsular
Spain by using the Ripley’s K-function. We also related these aggregation patterns to weather,
population density, and landscape structure descriptors of each study area. Our results provide
statistical evidence for spatio-temporal structures around a maximum of 4 km and six months.
These aggregations lose strength when the spatial and temporal distances increase. At short time
lags after a wildfire (<1 month), the probability of another fire occurrence is high at any distance
in the range of 0–16 km. When considering larger time lags (up to two years), the probability of
fire occurrence is high only at short distances (>3 km). These aggregated patterns vary depending
on location in Spain. Wildfires seem to aggregate within fewer days (heat waves) in warm and
dry Mediterranean regions than in milder Atlantic areas (bimodal fire season). Wildfires aggregate
spatially over shorter distances in diverse, fragmented landscapes with many small and complex
patches. Urban interfaces seem to spatially concentrate fire occurrence, while wildland-agriculture
interfaces correlate with larger aggregates.
Keywords: inhomogeneous spatio-temporal point patterns; Ripley’s K-function; spatio-temporal
point patterns; wildfires
1. Introduction
Human-caused fires (HCFs) do not occur randomly, they follow spatio-temporal patterns that
change depending on the socioeconomic activity linked to the use or misuse of fire triggering
ignitions [1]. Ignition points have been proved to show broadly identifiable spatial and temporal
patterns [2]. For instance, fire starts have occurred most often near roads [3], near urban- and
cropland-forest interfaces [4] and in areas with an extensive presence of shrubs or conifers [5]. Fire starts
also showed clustered temporal structures due to the seasonal distribution of the risk of ignitions [6].
The number of HCFs can vary widely between locations and time spans. Thus, the characterization
of spatio-temporal patterns of fire ignition can provide important information for optimizing resource
allocation in strategic firefighting [7]. Fire management strategies usually focus on the control of
potential multiple-fire situations in areas and periods with high risk of fire [8]. Because of budgetary
restrictions and rising firefighting costs, it is usually impossible to maintain sufficient resources to
cope with all potential multiple-fire occurrences. In fact, under extreme weather conditions, available
firefighting resources may be overloaded beyond suppression capacity. In these cases, the ability to
Forests 2016, 7, 185; doi:10.3390/f7090185 www.mdpi.com/journal/forests
Forests 2016, 7, 185 2 of 15
anticipate high-risk wildfire conditions and take preventive actions, or to pre-position firefighting
resources in advance, can reduce the damages and optimize the use of the suppression resources [7,9].
A number of previous studies have focused on the spatial and/or temporal distribution of
wildland fires. For instance, [10] identified the most significant spatial variables for analysing
human-caused wildfire occurrences using non-spatially explicit models (autoregressive Poisson
and logit processes). Other studies have used spatially explicit models to explain patterns of
fire occurrence, for instance, geographically weighted regression models [11], ignition density
estimates [12], log-Gaussian Cox processes [13,14], scan statistics permutation [15], or Ripley’s
K-function [16–18]. A few studies have focused on the temporal pattern of fire ignitions; [19] found
temporal aggregations using temporal trajectory metrics of wildfire ignition densities, while [20] found
temporal aggregations when analysing the fire weather indices of summer fire ignitions in Finland.
In addition, time series of the fire occurrence models of [6] included temporal and spatio-temporal
lags lasting up to 2–3 days.
Wildfire occurrences have also been analysed as points placed within a spatio-temporal region
using point process statistical tools. These tools include, for instance, analysis of inhomogeneous
spatio-temporal structures of wildfire ignitions [21], cluster analysis [15,22], modelling of fire locations
by spatio-temporal Cox point processes [23], and spatio-temporal analysis of fire ignition points
combined with geographical and environmental variables [2]. For instance, [21] analysed space-time
configuration of forest fires assuming spatial tools for each year of study separately, and they did not
consider a continuous space-time approach for the fire occurrence.
Here we consider inhomogeneous spatio-temporal point processes to analyse the point pattern
configuration of human-caused wildfire ignition points of several data sets in Spain. We applied the
inhomogeneous spatio-temporal counterpart version of Ripley’s K-function proposed by Gabriel
& Diggle [24]. This approach was adopted because of the apparent inhomogeneous structure
of the spatio-temporal point patterns suggested by the analysis of available official fire reports
from the Spanish Ministry of Environment. The analysis of these point configurations would be
valuable for interpreting the space-time dependencies of fire ignition points in order to understand
wildfire dynamics.
The expected spatial and temporal aggregation patterns of HCFs should be related to the
underlying fire risk factors [10] found in previous work such as weather or population. Land use
has been used often as a proxy variable for distribution of vegetation/fuels and the presence and
activity of human sources of ignition [25,26]. However, the spatial structure of the land mosaic is rarely
considered [26], although its composition, configuration, and length of land use interfaces should be of
special interest in spatial processes like this. Advances in landscape ecology provide abundant indices
to measure mosaic characteristics [27]. Consequently, we also test linear correlations between spatial
and temporal parameters derived from the fire patterns and relevant spatial variables linked to the
structure of the fire environment with the Pearson product-moment correlation coefficient [28].
2. Materials and Methods
2.1. Study Area
This study analysed nine regions in windows of 40 km × 40 km distributed over forested areas
(at least >20% forest area) in Peninsular Spain (Figure 1). These study areas comprise a wide range
of forest environments with different landscape structures, but all have fire use levels conducive to
significant fire occurrence (at least 100 fires over the study period).
Most of peninsular Spain is dominated by a Mediterranean climate, and only 15% of the land
area, located in the north, has an Atlantic climate. These climatic zones and the complex topography
combined with human socio-economic development over millennia have given way to a very uneven
spatial distribution of the vegetation, combining the presence of medium-scale farming areas, areas
with scarce natural vegetation cover (grasses, rangelands), extensive shrub-lands, park-like open
forest structures (dehesas) with undergrowth, and high forests of variable densities [29]. Tables 1
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and 2 include a subset of the total number of independent variables that were generated to capture
weather, socioeconomic, and landscape composition and configuration traits of the nine study areas;
these variables were selected for their potential relation to the spatio-temporal aggregation of fires.
Population density was derived from the municipal registry of 2014 available on the website of the
National Institute of Statistics of Spain (http://www.ine.es) and is weighted by the township area
included in each study area. Annual climate data was derived from the Digital Climate Atlas of the
Iberian Peninsula (1971–2000) (http://www.opengis.uab.es). Landscape ecology indices (landscape
and class levels) [27] were calculated with Patch Analyst 5.2 [30] extension of ArcGis 10.3 over a land
use reclassification (Figure 2) of the Forest Map of Spain (digitized at 1:50,000 from 1997 to 2006)
from Ruiz de la Torre and available on the website of the Spanish Nature Databank of the Ministry
of Agriculture, Food and Environment (http://www.magrama.gob.es). Woodland-urban interfaces
(WUI), woodland-agriculture interfaces (WAI), and urban-agriculture interfaces (UAI) were evaluated,
firstly, calculating a 100 m-buffer of each land use [31] and intersecting them, and secondly, by dividing
the area of each interface by all interface areas.
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Figure 1. Location of the nine study areas in the Spanish peninsula. 1. Ourense; 2. Asturias; 3. La Rioja; 
4. Tarragona; 5. Alicante; 6. Guadalajara; 7. Caceres; 8. Badajoz; 9. Jaen. 
Table 1. A subset of independent variables for general characterization of each study area. 
Location  Pp  Weather  Land Use Interfaces Landscape Metrics 
Tmax  P  Wil Agr  Urb WUI WAI UAI NP  MdPS  MPE  PAR  SDI
Ourense  37.1  17.8  1076  67.0 31.5  1.0  4.3  90.4  2.9  493  21.7  16.1  0.37  0.71
Asturias  275.4  16.9  1169  56.1 39.4  4.3  4.7  82.8  10.9 1516 8.8  10.5  0.66  0.84
La Rioja  112.7  17.4  606  36.9 59.9  2.9  4.2  81.9  10.6 4469 0.6  3.1  1.54  0.80
Tarragona  89.9  18.9  583  45.3 50.9  3.7  3  86.6  4.8  1542 6.3  9.2  0.83  0.83
Alicante  135.9  20.3  541  53.6 42.0  4.0  7.5  65.7  12.2 1401 5.3  8.2  0.55  0.85
Guadalajara  298.3  19.6  478  24.5 68.7  6.6  3.8  85.1  9.8  1023 8.2  10.8  0.54  0.79
Caceres  32.7  18.4  1073  81.0 17.5  0.9  3.9  88.7  6.9  782  7.6  8.4  0.43  0.55
Badajoz  29.6  22.3  580  49.1 49.0  1.3  4.4  80  12.3 441  12.7  12  0.31  0.79
Jaen  78.9  20.4  568  40.9 57.2  1.8  3.4  86.2  8.8  966  5.2  7.5  0.54  0.77
Pp:  Population  density  (inhab/km2);  Tmax:  Annual  maximum  temperature  (°C);  P:  Annual 
precipitation (mm); Wil: Forest, shrubs and pastures (%); Agr: Croplands (%); Urb: Urban (%); WUI: 
Figure 1. Location of the nine study areas in the Spanish peninsula. 1. Ourense; 2. Asturias; 3. La Rioja;
4. Tarragona; 5. Alicante; 6. Guadalajara; 7. Caceres; 8. Badajoz; 9. Jaen.
Table 1. A subset of independent variables for general characterization of each study area.
Location Pp
Weather Land Use Interfaces Landscape Metrics
Tmax P Wil Agr Urb WUI WAI UAI NP MdPS MPE PAR SDI
Ourense 37.1 17.8 1076 67.0 31.5 1.0 4.3 90.4 2.9 493 21.7 16.1 0.37 0.71
Asturias 275.4 16.9 1169 56.1 39.4 4.3 4.7 82.8 10.9 1516 8.8 0.5 0.66 .84
La Rioja 112.7 17.4 606 36.9 59.9 2.9 4.2 81.9 10.6 4469 0.6 3.1 1.54 0.80
Tarragona 89.9 18.9 583 45.3 50.9 3.7 3 86.6 4.8 1542 6.3 9.2 0.83 0.83
Alicante 135.9 20.3 541 53.6 42.0 4.0 7.5 65.7 12.2 1401 5.3 8.2 0.55 0.85
Guadalajara 298.3 19.6 478 24.5 68.7 6.6 3.8 85.1 9.8 10 8.2 10.8 0.54 0.79
Caceres 32.7 18.4 1073 81.0 17.5 0.9 3.9 88.7 6.9 782 7.6 8.4 0.43 0.55
Badajoz 29.6 22.3 580 49.1 49.0 1.3 4.4 80 12.3 441 12.7 12 0.31 0.79
Jaen 78.9 20.4 568 40.9 57.2 1.8 3.4 86.2 8.8 966 5.2 7.5 0.54 0.77
Pp: Population density (inhab/km2); Tmax: Annual maximum temperature (◦C); P: Annual precipitation (mm);
Wil: Forest, shrubs and pastures (%); Agr: Croplands (%); Urb: Urban (%); WUI: Wildand-Urban interface (%);
WAI: Wildla d-Agriculture int rface (%); UAI: Urban-Agriculture interface (%); NP: Number of patches; MdPS:
Median patch size (ha); MPE: Mean patch edge (km); PAR: Perimeter-Area ratio (km/ha); SDI: Shannon’s
diversity index.
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Table 2. Landscape ecology metrics at the land use class level by study area.
Location Land Use CA NP MPS MdPS PSSD MPE ED PAR MSI
Ourense Agriculture 31.5 316 159.6 28.7 0.705 11.6 23 324.7 2.896
Wildland 67 127 843.9 11.2 7.136 30.4 24.2 508.3 2.386
Urban 1 44 37.7 10.6 0.086 6.5 1.8 284.1 2.434
Water 0.5 6 124.1 25.2 0.207 16 0.6 438.2 4.157
Asturias Agriculture 39.4 793 79.5 11.2 0.795 9.4 46.8 773.8 3.015
Wildland 56.1 422 212.6 9.5 2.594 16.7 44 569.9 2.904
Urban 4.3 289 23.7 3.8 0.216 4.5 8.1 472.3 2.445
Water 0.2 12 31.8 19.3 0.030 10.6 0.8 412.0 5.084
La Rioja Agriculture 59.9 1494 64.1 0.8 0.952 4.3 40.2 916.4 1.814
Wildland 36.9 2302 25.7 0.4 0.668 2.7 38.9 2198.3 2.047
Urban 2.9 621 7.4 0.9 0.044 16.4 6.4 679.3 1.860
Water 0.4 52 11.1 1.5 0.030 4.5 1.5 543.8 2.470
Catalonia Agriculture 50.9 722 112.8 6.4 0.123 9.4 42.6 580.8 2.565
Wildland 45.3 616 117.7 5.5 2.206 10.6 40.7 1290.5 2.920
Urban 3.7 199 30.1 9.4 0.079 3.8 4.8 340.1 2.184
Water 0.1 5 21.0 20 0.012 7.8 0.2 376.6 4.676
Alicante Agriculture 42 804 83.6 6.5 0.342 6.7 33.9 487.1 2.369
Wildland 53.6 352 243.8 3.1 4.228 14 30.7 810.5 2.255
Urban 4 226 28.5 7.1 0.115 4.3 6 345.3 2.219
Water 0.3 19 29.0 9.8 0.042 9.6 1.2 620.1 5.406
Guadalajara Agriculture 68.7 388 283.4 8.3 2.251 13.7 33.2 726.3 2.323
Wildland 24.5 460 85.4 7.1 0.468 10.7 30.8 501.5 2.833
Urban 6.6 165 64.4 12.1 0.401 4.6 4.7 195.9 1.861
Water 0.1 10 13.4 11.6 0.009 7.3 0.5 473.7 5.040
Caceres Agriculture 17.5 493 56.7 9.5 0.201 6.1 18.7 381.4 2.407
Wildland 81 138 939.2 4.5 10.875 22.9 19.7 745.2 2.153
Urban 0.9 110 13.1 6.2 0.022 2.4 1.6 268.5 1.962
Water 0.6 41 24.7 6.6 0.066 4.3 1.1 354.2 2.846
Badajoz Agriculture 49 202 387.9 13.4 1.409 11.2 14.1 243.8 2.014
Wildland 49.1 135 582.0 10.9 4.315 15.8 13.4 421.2 2.507
Urban 1.3 62 34.3 16.4 0.077 8.3 3.2 239.4 2.911
Water 0.6 42 22.7 12.3 0.042 8.9 2.3 420.7 4.471
Jaen Agriculture 57.2 298 306.9 5.1 2.659 11.8 21.9 686.2 2.093
Wildland 40.9 524 124.8 5.3 2.353 6.2 20.3 513.5 2.273
Urban 1.8 123 23.8 5.5 0.086 3.6 2.7 323.5 2.043
Water 0.1 21 9.4 4.7 0.025 2.6 0.3 487.3 2.658
CA: Land use class (%); NP: Number of patches; MPS: Mean patch size (ha); MdPS: Median patch size (ha); PSSD:
Patch size standard deviation (ha); MPE: Mean patch edge (km); ED: Edge density (km/ha); PAR: Perimeter-Area
ratio (km/ha); MSI: Mean shape index.
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2.2. Fire Data
The Spanish Forest Service of the Ministry of Environment and Rural and Marine Affairs
(MAGRAMA) provided the fire records for the study. The nine study areas held a sufficient number
of fire ignition points to study the spatio-temporal dynamics of fire ignition: at least 100 fires over
the study period. Our data sets involved historical records of daily human-caused fire occurrences
during the period 2007–2013. The period of study was restricted to seven years due to data availability
(precise GPS locations available), but this period was considered appropriate because it surpassed the
usual time framework for fire prevention planning in Spain [32]. This period included a variety of
weather conditions, with mild years but also years with high risk weather conditions, i.e., 2006 in NW
Spain (1900 fires set in just 12 days in August) [33].
The spatio-temporal point pattern analysed consisted of 7790 fire ignition points located in nine
square areas of 40 km × 40 km for the seven years, with 877 ignitions in 2007, 1060 in 2008, 1298 in
2009, 1032 in 2010, 1308 in 2011, 1478 in 2012, and 903 in 2013. Figure 3 displays their distribution by
study area, monthly.
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Figure 4 shows the HCFs spatial pattern of the nine selected study regions. Visual inspection of
the point pattern in the nine plots suggests that the point structures are inhomogeneous, with areas of
high point intensity juxtaposed to areas of low point intensity. This figure also highlights the presence
of point clusters, suggesting that fire events aggregate in space and in time.
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Figure 3. Human‐caused wildfire frequency for the period 2007–2013 given by study area and month. 
2.3. Spatio‐Temporal Statistics 
To analyse the spatio‐temporal structure of inhomogeneous point patterns representing ignition 
point fires, we used the spatio‐temporal counterpart version of Ripley’s K‐function proposed by [24]. 
For  a  review  about  space‐time  point  processes  see  [34].  Consider  a  stationary  and  anisotropic   
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contains all the ignition fires for a given planar region  W   for a time interval   10 ,TTT  . Now, the 
point  pattern  should  be  assumed  as  a  set  of  points  in  a  continuous  tridimensional  space.  The 
inhomogeneous spatio‐temporal Ripley’s K‐function proposed by [24] assumes that the point pattern 
under analysis  is second‐order  intensity reweighted stationary and  isotropic or,  in other words,  it 
assumes a weaker form of stationarity and, therefore, relaxes the hypothesis of homogeneity. A point 
process  is stationary and  isotropic  if  its statistical properties do not change under  translation and 
rotation, respectively. Informally, stationarity implies that one can estimate properties of the process 
from a single realization on W × T, by exploiting the fact that these properties are the same in different, 
but geometrically similar, subregions of W × T; isotropy means that there are no directional effects. 
Function  ),( vuK st   is the expected number of further points in a spatio‐temporal region delimited 
by a cylinder whose bottom surface area is centred at an arbitrary point of     (a point process) with 
radius  u   (a  spatial distance)  and  height  v2   (a  time  interval).  For  any  inhomogeneous Poisson 
process (i.e., a Poisson process where the constant intensity is replaced by a spatially varying intensity 
function) with spatio‐temporal intensity function bounded away from zero,  vuvuKst 22),(  , and 
hence  vuvuKst 22),(    (i.e., the empirical spatio‐temporal Ripley’s K‐function minus this function 
under the hypothesis of no spatial‐temporal structure, fire ignitions are independently distributed) 
can  be  considered  a  measure  for  detecting  spatio‐temporal  point  dependences  [24].  Values  of 
Figure 3. Human-caused wildfire frequency for the period 2007–2013 given by study area and month.
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Figure 4. Spatial positions of the 7790 human-caused fires (HCFs) in the study. The biggest and darkest
points correspond to recent fires while the lightest points occurred earlier.
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2.3. Spatio-Temporal Statistics
To analyse the spatio-temporal structure of inhomogeneous point patterns representing ignition
point fires, we used the spatio-temporal counterpart version of Ripley’s K-function proposed by [24].
For a review about space-time point processes see [34]. Consider a stationary and anisotropic
spatio-temporal point process Φ on <2 × < whose elements form a countable set Si = (Xi, ti),
for i = 1, . . . , n and Xi = (xi, yi) ∈ <2 and ti ∈ < in a bounded region M = W × T. This M region
contains all the ignition fires for a given planar region W for a time interval T ∈ [T0, T1]. Now, the point
pattern should be assumed as a set of points in a continuous tridimensional space. The inhomogeneous
spatio-temporal Ripley’s K-function proposed by [24] assumes that the point pattern under analysis is
second-order intensity reweighted stationary and isotropic or, in other words, it assumes a weaker
form of stationarity and, therefore, relaxes the hypothesis of homogeneity. A point process is stationary
and isotropic if its statistical properties do not change under translation and rotation, respectively.
Informally, stationarity implies that one can estimate properties of the process from a single realization
on W× T, by exploiting the fact that these properties are the same in different, but geometrically similar,
subregions of W × T; isotropy means that there are no directional effects. Function Kst(u, v) is the
expected number of further points in a spatio-temporal region delimited by a cylinder whose bottom
surface area is centred at an arbitrary point of Φ (a point process) with radius u (a spatial distance) and
height 2v (a time interval). For any inhomogeneous Poisson process (i.e., a Poisson process where the
constant intensity is replaced by a spatially varying intensity function) with spatio-temporal intensity
function bounded away from zero, Kst(u, v) = 2piu2v, and hence Kst(u, v)− 2piu2v (i.e., the empirical
spatio-temporal Ripley’s K-function minus this function under the hypothesis of no spatial-temporal
structure, fire ignitions are independently distributed) can be considered a measure for detecting
spatio-temporal point dependences [24]. Values of Kst(u, v)− 2piu2v < 0 will indicate regularity, while
Kst(u, v)− 2piu2v > 0 will suggest spatio-temporal clustering. Moreover, Kst(u, v) can also be used to
detect the absence of spatio-temporal interaction. In particular, separability of Kst(u, v) into purely
spatial and temporal components, Kst(u, v) = Ks(u)Kt(v), suggests the absence of spatio-temporal
dependency [35]. The lack of spatio-temporal interaction indicates that ignition point locations and
ignition times are independent, i.e., there is no correlation between where a fire happens and when
it happens. However, in real life one may expect these two components to be correlated, so the time
occurrence of a fire will depend on the spatial location. An edge-corrected estimator of Kst(u, v) can be
defined via [36].
Kˆst(u, v) =
1
|W × T|
n
∑
i=1
n
∑
j 6=i
1
ωijvij
I(uij ≤ u)I(
∣∣tj − ti∣∣ ≤ v)
λˆ(Si)λˆ(Sj)
(1)
where n is the total number of points in M, uij = ‖ Xi − Xj ‖, I(·) is the indicator function where
I(F) = 1 if F is true and I(F) = 0 otherwise, |W × T| denotes the volume of this region and λˆ(·) is
an estimator of the spatio-temporal intensity function at the location Si or, in other words, an estimator
of expected number of points per unit volume at this exact location. To correct spatial edge effects we
use Ripley’s factor ωij [37] and to deal with time-edge effects we consider vij. This vij equals 1 if both
ends of the interval of length 2
∣∣tj − ti∣∣ centred at tj lie between T, and it equals 1/2 otherwise [36].
Note that correctors for edge-effects are necessary to deal with window sampling where information
outside this space-time window (unobserved points) is lost, introducing, usually, a negative bias for
Kˆst(u, v). Edge-effect correctors such as the Ripley’s factor and the time correction considered here
are standard approximations to reduce these bias effects based on mathematical arguments. Usually
these arguments consider that the unobserved numbers of points outside the observation windows are
proportional to those inside these windows.
In order to obtain (1), we need to obtain an estimator of the spatio-temporal intensity function.
Here we adopted a kernel-based estimator for this space-time function. First we need to assume
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that first-order effects (i.e., the intensity function) are separable from the space and the time domain,
as suggested by Gabriel & Diggle [24], i.e.,
λ(X, t) = m(X)µ(t) (2)
and thus any non-separable effects can be considered as second-order effects (i.e., related to the variance
of the process) rather than first-order effects. Then from Equation (2) we can estimate λ(·) [38] as:
λˆ(X, t) = mˆ(X)µˆ(t)/n (3)
as: w
W
mˆ (X)d (X) =
w
T
µˆ (t)d (t) = n (4)
Now, we can estimate both the space and the time intensity function separately. For the space
point intensity m(X), we used a Gaussian kernel-based estimator, with bandwidth initially chosen to
minimize the estimated mean-square error of mˆ(X), as suggested in [39]. In some cases, this optimal
bandwidth was slightly increased to provide a good visual fitting to the point patterns. Moreover,
for time point intensity, we adopted a Gaussian kernel estimator since we did not consider covariate
information related the fire locations.
Note that a kernel-based estimator for the time intensity does not assume any previous knowledge
of the time series, while providing a reasonable approximation for the intensity function. After some
experimentation, we considered σµ = 10.0 as it provides a good visual fitting to the data while
reproducing quite well some of the outliers observed in the time series.
To test for evidence of spatio-temporal clustering or regular structures, we compared the estimator
Kˆst(u, v) with estimates obtained for simulations under a suitable null hypothesis. Here the null
hypothesis is that the underlying point process is an inhomogeneous Poisson process, and, therefore,
the empirical spatio-temporal pattern is compared with a spatio-temporal Poisson process with point
intensity (3) based on a Monte Carlo test. This is a space-time Poisson process where the constant
intensity is replaced by a spatially varying intensity function estimated by (3).
We simulated 1000 spatio-temporal point patterns under this null hypothesis and for each one an
estimator of Equation (1) was obtained. This set of functions was then compared with the resulting
estimator for the empirical data under analysis. Under this test, we rejected the null hypothesis
(spatio-temporal point independence) if the resulting estimator of this function lay above the 95th
percentile of estimates calculated from the 1000 simulations of inhomogeneous Poisson point process
with intensity (3). This 95th percentile of estimated values formed the tolerance envelopes for our test.
In this case, we should accept spatio-temporal clustering of fire locations.
All the spatio-temporal statistical analyses were computed using the stpp statistical package [36]
for the R statistical environment [40].
2.4. Spatio-Temporal Aggregation Trends
In order to explain possible spatio-temporal HCFs aggregations, the Pearson product-moment
correlation coefficient was selected to measure the strength of the linear dependence between the
spatial and temporal aggregation patterns of HCFs and the independent weather, socioeconomic, and
landscape composition and configuration variables (Tables 1 and 2). This estimator ranges from +1 to
−1, where the positive and negative values indicate, respectively, positive and negative correlation
(data-pairs best regression fit), and 0 indicates no significant correlation between variables [12].
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3. Results
3.1. Spatio-Temporal Aggregation of HCFs
In Figure 5, we compare Kˆst(u, v)− 2piu2v and tolerance envelopes suggesting the presence of
different spatio-temporal structures for time lags of less than two years and ignition point distances
in the range of 0–16 km. In particular, this figure provides results on clustering patterns in the nine
regions under analysis; black values indicate spatio-temporal clustering for these space-time scales.
We used these maximum time and space intervals to avoid edge effects that may not be corrected by
the mathematical assumptions made here. The maximum scale of the spatio-temporal aggregation of
HCFs was found to be around 4–4.5 km and 5.5–6 months in Tarragona, and the minimum, less than
one month and one km, in La Rioja. The spatio-temporal structures generally lose strength as the time
lag increases; at the time lag of six months or higher, these dependencies are only observable for short
inter-ignition point distances of less than 3 km.
However, in the NW of Spain with Atlantic climate (Ourense and Asturias), the spatial pattern
shows a cyclical aggregation trend of around one year (a hump in the plot around the 12-month value).
These Atlantic areas also display aggregation up to the maximum spatial distance considered (16 km)
for all time lags under three months. This means that once a fire happens, the probability that another
takes place within a wide area around the first one (up to 16 km in radius) persists for a period close to
three months. In the other study areas, the probability that an additional fire occurs once one takes
place, only persist for the maximum distance (up to 16 km in radius) for short time lags (less than
1–2 months).
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3.2. Trends of the Spatio-Temporal HCFs Pattern
The values found in each plot at the limits of the maximum intervals considered or axis—the x for
24 months, x24; the y for 16 km, y16—were taken as descriptors of spatial and temporal aggregation.
Forests 2016, 7, 185 10 of 15
x24 is the spatial lag for aggregation at any time lag (spatial lag of aggregation independent of the
time lag). y16 is the time lag for aggregation at any spatial lag considered (time lag of aggregation
independent of the space lag). Table 3 shows the Pearson’s correlation between those aggregation
parameters, the number of fires of Figure 3 and the descriptive variables of Table 1 at the landscape
level. The number of HCFs shows a positive correlation with the time-independent spatial aggregation
values x24, even higher with the distance-independent temporal aggregation values y16. Therefore,
the higher the fire occurrence caused by humans, the more likely fires aggregate over longer distances
and longer time frames, and vice versa.
Table 3. Pearson product-moment correlation coefficient between each variable of Table 1 and the
descriptors of spatial and temporal aggregation. In bold, values over 0.5.
Variable Spatial x24 Temporal y16 Variable Spatial x24 Temporal y16
FF 0.609 0.813 WAI 0.539 0.192
Pp −0.218 0.391 UAI −0.562 −0.418
Tmax −0.123 −0.688 NP −0.768 −0.162
P 0.696 0.693 MdPS 0.648 0.488
Wil 0.683 0.327 MPE 0.649 0.514
Agr −0.681 −0.371 PAR −0.744 −0.157
Urb −0.422 0.198 SDI −0.627 0.035
WUI −0.221 0.154
FF: Fire frequency; Pp: Population density (inhab/km2); Tmax: Annual maximum temperature (◦C); P: Annual
precipitation (mm); Wil: Forest, shrubs and pastures (%); Agr: Croplands (%); Urb: Urban (%); WUI:
Wildand-Urban interface (%); WAI: Wildland-Agriculture interface (%); UAI: Urban-Agriculture interface
(%); NP: Number of patches; MdPS: Median patch size (ha); MPE: Mean patch edge (km); PAR: Perimeter-Area
ratio (km/ha); SDI: Shannon’s diversity index.
According to the results, higher population density causes distance-aggregation or spatially closer
fires and dilates the time lag for wildfire occurrence, but the correlation is not high. Drought weather
conditions (higher Tmax and lower P) influence wildfire aggregates by decreasing the distance and
time lags. Weather, mean patch edge (MPE), and fire frequency (FF, the occurrence of other fires) seem
to be the variables mainly related to temporal aggregation of fires.
Proportions of land covers (Wil, Agr, Urb) indicate an effect on spatial aggregation of fires, linked
by larger distances in landscapes with higher wildland cover and closer distances in landscapes
with a higher relative proportion of agriculture and urban areas. Interfaces between land covers are
correlated to the time-independent spatial aggregation of fires, particularly, urban interfaces (WUI and
UAI) seem to spatially concentrate fire occurrence, while WAI correlates with larger aggregates.
The time-independent spatial lag for aggregation x24 is clearly influenced by landscape
composition and configuration, being negatively correlated to SDI, NP and PAR and positively to MPE
and MdPS. In other words, wildfires aggregate over closer distances in diverse, fragmented landscapes
with many patches, where patches are small and with complex shapes.
Table 4 shows the Pearson’s correlation between the descriptors of spatial and temporal
aggregation and the variables in Table 2 for landscape structure analysed at the land use class level.
Higher relative proportion of wildland organized in larger patches (MPS, MdPS), with more edges
(MPE), and lower complexity (PAR) and number of patches (NP) favour larger spatial aggregation
distances. In general, fire spatial aggregates grow in coarse-grained landscapes, with decreasing
number of patches (NP) and compact shapes (PAR) in all land use classes. The temporal lag for
aggregation of fires seems to be positively related to the presence of larger and complex agriculture
patches (MdPS, MSI), and wildland edges (MPE).
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Table 4. Pearson product-moment correlation coefficient between each variable in Table 2 with the
descriptors of spatial and temporal aggregation. In bold, values over 0.5.
Class NP MPS MdPS PSSD MPE ED PAR MSI
Spatial x24
Agr −0.696 0.042 0.659 −0.108 0.378 −0.444 −0.521 0.635
Wil −0.769 0.711 0.580 0.709 0.777 −0.403 −0.712 0.109
Urb −0.761 0.107 0.200 −0.054 0.245 −0.597 −0.575 0.204
Temporal y16
Agr 0.009 −0.459 0.572 −0.344 0.161 0.421 0.073 0.915
Wil −0.257 0.163 0.389 0.145 0.569 0.459 −0.241 0.364
Urb −0.089 0.174 −0.200 0.304 0.062 0.227 0.040 0.044
Wil: Forest, shrubs and pastures (%); Agr: Croplands (%); Urb: Urban (%); NP: Number of patches; MPS: Mean
patch size (ha); MdPS: Median patch size (ha); PSSD: Patch size standard deviation (ha); MPE: Mean patch edge
(km); ED: Edge density (km/ha); PAR: Perimeter-Area ratio (km/ha); MSI: Mean shape index.
4. Discussion
The methodology used appears to be suitable for identifying differentiated patterns of
spatio-temporal aggregation for HCFs in environments with different fire incidence, such as Peninsular
Spain, even though the influence of window size (40 km × 40 km) and study period remains to be
explored in future research. This method is especially useful in regions with enough observations
because its negative simulations’ bias decreases as the number of observations increases [24].
The largest spatial and temporal distances for wildfire aggregation were found with increased fire
occurrence, which is coherent with higher risk levels that cause more fires over longer time spans and
greater distances (i.e., Galicia, Asturias).
Our results provide statistical evidence for spatio-temporal structures around a maximum of
4 km and three months, but these aggregated structures lose strength when the spatial and temporal
distances increase. These results agree with previous work [2,17,22,41–43] which detected spatial and
temporal structures in wildfire occurrence in Portugal and Spain, and the general state-of-knowledge
on fire occurrence in Spain; at short time lags after a wildfire (<1 month), the probability of another fire
occurrence is high at any distance in the range of 0–16 km. This is in agreement with the fact that in the
short term, weather is the main driver of fire occurrence, and its effects are regional. When considering
larger time lags (up to two years, or 24 months), the probability of fire occurrence is high only at
short distances, closer than 3 km, which is consistent with the presence of local structural risk factors
independent of the season or weather condition (i.e., arson, [13]). These results agree with [15,22],
which mention that aggregations between fires are more often at the local level and are not visible in
larger distances (15 or 50 km).
Nevertheless, these aggregated patterns vary depending on location in Spain, suggesting the
existence of varied spatio-temporal aggregation patterns of HCFs throughout the country, mainly
related to fire frequency, weather, and landscape structure variables, and hence, fire regimes.
Patterns in Atlantic (Ourense, Asturias) and Mediterranean Spain (the other areas) differ, which
should be expected given their climatic and landscape structure characteristics that determine different
fire regimes [5]. The spatial aggregation found (up to the maximum distance considered, 16 km) for
all time lags under three months is likely determined by the duration of the bimodal fire season in
the milder Atlantic region (February–April, June–August, three months), but also a consequence of
a fragmented landscape and a generally high human risk and occurrence all year round. This pattern
has also been identified in Portugal [42] linked with the annual cycle of weather and vegetation
phenology. Relatively stable conditions with higher rainfall (>1000 mm) and lower maximum
temperatures extend risk over longer periods than in the Mediterranean (around 550 mm). Variations
of weather events occur gradually in the NW, so the range of variation in temperature and precipitation
is low within each Atlantic study area. In areas with higher precipitation there are more rainy days
and, therefore, the number of fire-days decreases [44,45], so fires aggregate over longer time lags [24].
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Wildfires seem to aggregate within fewer days in warm and dry Mediterranean regions
(0–1.5 months). The annual weather cycle [46] favours multiple fires per day or in a few days
in the summer fire season [47]. Fire suppression resources sufficient to manage one fire may be
challenged on high temperature days with simultaneous occurrences [48], which require exhaustive
firefighting personnel management [49]. During high temperature days, the temporal aggregation
of HCFs decreases, since the occurrence of new fires is associated to those spells of extreme
weather conditions [10,46,50]. Our temporal results are coherent with the occurrence of heat waves
(high-temperature days (HTDs) [46]) that combine with more uneven human risk levels over coarser
landscapes to render a lower fire occurrence, though these fires may have catastrophic results in terms
of burned area.
Previous studies done in the Iberian Peninsula [43,50], found direct relations between population
density and HCF occurrence; we found that higher population density causes distance-aggregation
or spatially closer fires and dilates the time lag for wildfire occurrence, though the correlations were
not very high. We used a single population density value for each study area (40 km × 40 km),
but considering mean distances to towns [3,10,13], access by road [3,51,52], and trails [43,53]
could also be adequate to account for the combined effect of population and access on HCF
spatio-temporal aggregation.
Landscape structure clearly influences spatio-temporal patterns in wildfire occurrence. We found
that wildfires aggregate spatially in closer distances in diverse, fragmented landscapes with many
patches, where patches are small and have complex shapes. Ignitions have been found before to
concentrate in highly fragmented landscapes [4,54] or, in other words, in areas with a larger number of
small patches [25,26] in anthropic environments where patches are more compact [25,26] with shorter
edges [19], raising doubts about the role of patch shape on ignition. We propose that patch shape is
relevant in combination with landscape composition, depending on the class under consideration and
its dominance in the landscape. Landscapes with a higher relative proportion of wildland coverage
organized in larger patches (MPS, MdPS), with more edges (MPE), and lower complexity (PAR) and
number of patches (NP) favour larger spatial aggregation distances. In general, fire spatial aggregates
cover larger distances in coarse-grained landscapes, with decreasing number of patches (NP) and
compact shapes (PAR) in all classes. These forest landscapes are typically created by land abandonment
processes [55] which have been expanding in all the Southern European Mediterranean countries for
the last 60 years.
Landscape composition and patch shapes determine the presence of interfaces between land use
classes. Urban interfaces with wildlands and crops (WUI and UAI) seem to spatially decrease the
distance for fire clustering, while increasing percentages of wildland-agriculture interfaces correlate
with larger aggregates, effectively showing a spatial extension in risk. Previous studies in HCF
prediction [43,56] have linked wildfires to agricultural cover over wildland [13,45,51] and urban
covers [57]. Fires in Spain often occur at the wildland-agriculture interface [52]. The study areas
with a lower proportion of wildland-agriculture interface have wildfires clustered at shorter distances
and they seem to aggregate on patch perimeters between these classes (WAI). This finding agrees
with [57,58] who have also associated a higher proportion of wildland-agriculture interface with
an increase of fire occurrence in Spain. Interestingly, the temporal lag for aggregation of fires seems
to be positively related to the presence of larger and complex agriculture patches (MdPS, MSI),
and wildland edges (MPE) pointing again to the importance of WAI interfaces in fire occurrence.
Beyond supporting previous findings in the field of fire occurrence prediction related to fire
frequency, weather, and landscape structure variables, we would like to point out that our analysis
contributes additional information that is useful for fire management. The descriptors of spatial
and temporal aggregation (x24, y16) have different values in different study areas, and may serve as
indicators for diverse applications, for instance, fire regimes classification concerning fire occurrence.
A better knowledge of factors related to occurrence is useful for prevention and suppression,
but the spatial and temporal dimensions added for each window of analysis have direct operational
applications. Wildfire suppression performance in the fire season depends on the number and
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behaviour of active fires [49]; fire managers must make crucial decisions on the amount, type,
and allocation of the fire suppression resources required. For instance, risk levels and probability of
new fire occurrences remain high in Ourense for up to three months, which allows for less mobility
in the positioning of initial attack crews than in Badajoz with no temporal aggregation, or La Rioja
(<1 month). Spatial risk at any time lag occurs under 0.75 km distance in La Rioja, but reaches 2.75 km
in Caceres or Ourense, with implications for the design of the detection network. This persistent local
risk is related to complex socioeconomic factors [6], but can be linked to landscape structure, which can
also be used to inform general prevention and land planning to avoid risky structures.
5. Conclusions
This study demonstrates the existence of spatio-temporal aggregation patterns of human-caused
fires in Peninsular Spain. This aggregation reaches maximum values around 4 km and six months,
but decreases with increasing temporal and spatial distances, and varies in different study areas.
The probability of an additional fire is higher at any distance in the range of 0–16 km for short periods
after a fire. In the long term, the probability of fire occurrence is higher at distances closer than
3 km from the location of a first fire. Temporal aggregation is mainly related to meteorology (annual
rainfall and maximum temperature), while spatial aggregation is mainly linked to the structure and
composition of the landscape. Our results suggest that wildfires temporally aggregate in fewer days
in warm and dry Mediterranean regions than in milder Atlantic areas; wildfires spatially aggregate
in fewer kilometres in highly fragmented wildland and agriculture landscapes with high land use
diversity, and spatially disperse comparatively more in forest coarse-grained landscapes resulting
from abandonment. Our results also suggest the existence of local risk conditions that persist over
time, probably related to land structure and complex socioeconomic factors.
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